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practice surveys are invariably subject to financial constraints that bind decision-makers (Lawton et al., 23 1998). In ongoing work, we are exploring cost-effective solutions, including remote sensing (camera traps 24 and aerial photography of canopy) and identification of 'ecological-disturbance indicator species' (Caro, 25 2010). Remote sensors are an attractive choice for data collection in that they are noninvasive, scalable in 26 both space and time and remove the bias and cost associated with programs which require either experts 27 (ATBIs, Gewin, 2002) or even non-specialists (Rapid Biodiversity Assessment, Oliver and Beattie, 1993), 28 in situ.
29
Various forms of remote visual sensing technologies have been explored. Global satellite imaging 30 has been investigated to monitor biophysical characteristics of the earth's surface by assessing species 31 ranges and richness patterns indirectly (e.g. Wang et al., 2010) . These methods are attractive, but rely 32 on expensive equipment, are difficult to adapt to small spatial scales and require a time-consuming 33 validation step. It is possible, for example, to infer valid species-level identification of canopy trees from 34 high-resolution aerial imagery, providing a means of remote sensing to assess forest status (Peck et al., 35 2012). However, the principal weakness of this and other existing visual remote sensing methods is that 36 they cannot provide direct information on the status of taxa other than plants: they cannot detect 'silent 37 forests'. The need for innovative remote sensing methods to monitor the status of wildlife remains and 38 acoustic, rather than visual, sensors have many attractive characteristics. (Gregory and Strien, 2010) and tropical (Peck et al., 2015) climates. One 43 approach is to focus on automatic species call identification, but current methods are far from reliable (e.g.
44
Skowronski and Harris, 2006, for bats), increasingly difficult in complex environments such as tropical 45 forest soundscapes, where tens of signals mix and many species still remain unknown (Riede, 1993 ) and 46 notoriously difficult to generalize across locations due to natural geographic variation in species' calls 47 suboscine antbird (Thamnophilidae) provide direct evidence that species recognition and ecological 76 adaptation operate in tandem, and that the interplay between these factors drives the evolution of mating 77 signals in suboscine birds (Seddon, 2005) . The ANH is tenable in evolutionary terms, but to date we 78 have lacked the tools for any serious experimental investigation of exactly which dimensions of acoustic 79 ecospace niches may occupy.
80

Existing Acoustic Indices
81
This emerging framework, coupled with the technical feasibility of remote acoustic sensing and pressure to 82 meet strategic biodiversity targets, fuels a growing research interest in ecological applications of acoustic 83 indices; several dozen have been proposed over the last 6 years (see Sueur et al., 2014; Towsey et al., 2013; 84 Lellouch et al., 2014, for good overviews). These are predominantly derived from statistical summaries of by slightly different approaches to measuring the 'health' of a habitat or species diversity or abundance.
87
The simplest indices provide summaries of the Sound Pressure Level (e.g. peaks, or specific times of 88 day). In (Rodriguez et al., 2013) , for example, root mean square values of raw signals from a network of 89 recorders are used to create maps of amplitude variation to reveal spatiotemporal dynamics in a neotropical 90 forest. The predominant approach, however, is to consider amplitude variation in time or magnitude 91 differences between frequency bands of a spectrogram; a selection of these indices are described below.
92
Under the assumption that anthropogenic noise contribution is band-limited to a frequency range where p i is the proportion of individuals belonging to the i th species in the data set of interest; it quantifies 109 the uncertainty in predicting the species identity of an individual that is taken at random from the dataset.
The or motorway traffic, for example would approach 1).
130
The spectral indices provide a statistical summary of the distribution of energy across the sample, Pijanowski et al., 2011; Sueur et al., 2008; Servick, 2014) . This is highlighted in 153 a recent temporal study of dissimilarity indices (Lellouch et al., 2014) 
where each column of W can be thought of as a recurrent frequency template and each row of H as 
Study Area and Acoustic Survey Methods
241
The data reported here was collected during an 8 week field survey (June -August 2014) in the Ecuadorian typically elephant grass pastures used as grazing paddocks for the mules, which provide local transport.
252
These areas are less than 5 ha. In contrast to other studies where dramatically different sites have been 253 used to validate indices, this complex patchy habitat provides subtle habitat gradients.
254
Acoustic data was collected using nine digital audio field recorders Song Meter SM2+ (Wildlife 
Species Identification
265
Point counts were carried out by a local expert ornithologist and were made in situ in order to record 266 species seen as well as heard. A record was made for each individual, rather than individual vocalisations,
267
providing species presence-absence and abundance. 
Acoustic Indices
269
For the purposes of this illustrative exercise, analyses were carried out on dawn chorus recordings from 270 just one day for three habitat types sampled. A range of indices described in Section 1.3 were calculated:
271 NDSI, H (including sh and th components), ADI, AEI, ACI and BI. Indices were calculated for the same 272 10min periods during which point counts were made at each site. Calculations were made using the 273 seewave 2 and acousticecology 3 packages in R. 
Species Composition of Acoustic Communities
293
The species observations for each site, shown in Table 1 
Acoustic Indices
311
Values for each of the acoustic indices calculated for the three habitats are given in Table 2 (5.4939, 3.8297, 3.9353, 3.7362, 4.0415, 3.1377) (d) Activation (shift-time) Functions (S). S = (6. 2345, 5.7911, 5.1608, 5.4627, 5.3665, 5.3127) Figure 6. SI-PLCA2 outputs for Silvopasture site dawn chorus. Entropy (S) values are shown in brackets.
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